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INTRODUCTION 
Ultrasonic waveforms reflected by various kinds of defects were calculated 
by numerical analysis based on elastic wave theory. By using these calculated results 
as a knowledge base, development of nondestructive evaluation system which 
provides quantitative information, such as types, locations and sizes of the defects is 
expected. In previous studies, a neural network was applied to construct the 
knowledge base [1-3]. However, there are some problems in a neural network 
approach for the quantitative evaluation of defects. A neural network is able to 
characterize the waveform data effectively, but it does not necessarily interpolate the 
learning data accurately. In addition, there is an inevitable error caused by the 
different conditions in numerical analysis and experimental results. 
In this study, a fuzzy reasoning method based on principal component 
analysis was developed to construct the knowledge base. This method is able to both 
characterize the waveforms and interpolate data stored in the knowledge base. It is 
also able to absorb the forementioned error. This paper describes the mechanism of 
the fuzzy reasoning based on principal component analysis and illustrates the 
application to the crack depth evaluation. 
FUZZY REASONING BASED ON PRINCIPAL COMPONENT ANALYSIS 
Figure I shows the block diagram of the fuzzy reasoning method based on 
principal component analysis. In this method, waveform data calculated by numerical 
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Figure 1. A block diagram of the fuzzy reasoning method based on principal 
component analysis. 
analysis are not used directly to build a knowledge base, but are pre-processed using 
principal component analysis. The knowledge base is constructed of fuzzy rules 
using principal components. The measured data are also pre-processed using 
principal component analysis and are transmitted to the inference engine. The output 
value of the inference engine is determined using the mechanism of fuzzy reasoning. 
In this process, principal component analysis functions effectively to characterize 
waveform data. The fuzzy reasoning works to interpolate the data and to absorb the 
error between numerical analysis and experimental results. 
Principal Component Analysis 
Waveform data for various kinds of defects were calculated by numerical 
analysis to construct the knowledge base. However, waveforms are expressed by the 
large amount of variables. It is difficult to build the rule base directly from the 
waveform data. Therefore, the waveform data were pre-processed using principal 
component analysis. Principal component analysis is an analytical technique by 
which the number of variables can be decreased with little information loss. The 
generated principal components are expressed by linear equations using the original 
variables. For example, when the original variables are XI' x2' •.. , XIII' the principal 
components zl' Z2"'" zn are expressed as follows: 
ZI = au XI + a l •2 x2 + ... + al.lII xm 
Z2 = a2,1 XI + a2•2 x2 + ... + a2,m XIII 
(1) 
The original variables Xl' X 2' ... , XIII are sampled from the waveform data, and the 
number of variables is decreased from m to n. A cumulative contribution rate in the 
principal component analysis was set to 0.99. The generated principal components 
are expected to characterize the waveforms. 
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Fuzzy Reasoning 
The knowledge base was constructed of fuzzy rules using the principal 
components of the numerical analysis data. For example, if the value of the first 
principal component Zl is 6.5 when the crack depth is 1.6mm, the fuzzy rule is 
expressed as follows: 
IF theftrst principal component is about 6.5, 
THEN the crack depth is about 1.6mm. 
With this rule, a flexible degree of reasoning is achieved, since the values of "about 
6.5" and "about 1.6mm" are expressed by the fuzzy sets. 
The fuzzy sets are defined by the membership functions. Figure 2 shows the 
typical shapes of the membership functions used in the fuzzy rules. The membership 
functions indicate the degree to which the variables satisfy the propositions of the 
fuzzy sets and are expressed by isosceles triangles in this rule. Figure 2 shows that 
when the crack depths are l.4mm, 1.6mm and I.8mm, the values of the principal 
component are 5.2, 6.5 and 7.4 respectively. The interval of the calculated crack 
depths is t, and the intervals of the principal component values are d1 and d2• As for 
the "IF" part, the base of the isosceles triangle takes the longer length of the 
neighboring intervals d1 and d2• As for the "THEN" part, the length of the base is the 
interval of the crack depth. Since the fuzzy sets have vague values, the fuzzy rules 
function when the input data are close to the fuzzy values in the "IF" parts. 
Therefore, these rules interpolate the wave data stored in the knowledge base . 
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Figure 2. Typical shapes of the membership functions used in the fuzzy rules. 
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Figure 3. Mechanism of the fuzzy reasoning method based on principal component 
analysis. 
Fuzzy reasoning is performed using these fuzzy rules [4]. Figure 3 shows the 
mechanism of the fuzzy reasoning method. When the value of the principal 
component is inputted into the "IF' part, the degree that the condition in the "IF" 
part is satisfied is determined. According to the degree, the value of the "THEN" part 
is determined. In the ordinary fuzzy reasoning method, the output from each rule is 
simply added and the total output value is determined by the center of gravity. 
However, in the fuzzy reasoning method based on principal component analysis, the 
output from each rule is scaled to the value of the contribution rate of the principal 
component before determining the total output value. In Figure 3, the output values 
from these rules are scaled to c1 and c2 respectively and added to determine the total 
output value, since the contribution rates of the first principal component and the 
second principal component are c 1 and c2• Therefore, each rule has a weight 
according to the contribution rate of the principal component. 
APPLICATION TO CRACK DEPTH EV ALVA TION 
Surface-breaking Crack 
The fuzzy reasoning method based on principal component analysis was 
applied to the evaluation of a surface-breaking crack in a steel plate. Two cases of the 
crack types were considered. In the first case, the crack was perpendicular to the 
surface of the plate. In the second case, the crack was inclined 30 degrees with the 
vertical. Figure 4 shows the crack types and the experimental conditions. The steel 
plate was immersed in water. An ultrasonic beam was emitted from the opposite side 
of the crack and received by the transducer. The depth a of the surface-breaking 
crack was quantitatively evaluated from the information in the back scattered 
ultrasonic signal which was reflected by the crack. In each case, both the numerical 
analysis data and the experimental data were evaluated. 
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Figure 4. Crack types and experimental conditions. 
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Figure 5. Waveform data for the perpendicular and the inclined cracks. 
Evaluation of Numerical Analysis Data 
The numerical analysis data were evaluated to verify the ability to interpolate 
the data stored in the knowledge base. To construct a knowledge base, waveform data 
generated by the interaction with various depths of cracks were calculated using the 
boundary element method [5]. In the case of perpendicular crack, the numerical 
analysis data for the crack depths from 0.6mm to 2.4mm with increments of 0.2mm 
were calculated and used to construct the knowledge base. The numerical analysis 
data from 0.8mm to 3.0mm with increments of 0.2mm were used for the inclined 
crack. Figure 5 shows the calculated waveform data in a frequency domain for each 
crack type. 100 sets of data were sampled from the waveform data and pre-processed 
using the principal component analysis. As a result, the number of variables was 
decreased from 100 to 6. The results of the principal component analysis were shown 
in Figure 6. The fuzzy rule base was constructed using the principal components. 
The numerical analysis data which were not used for the construction of the 
knowledge base were then evaluated. In the case of perpendicular crack, waveform 
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Figure 6. Principal component data for the perpendicular and the inclined cracks. 
Table 1. Results of the evaluation for the numerical analysis data. 
( 1) Perpendicular Crack Depth 
Crack Depth 0.70 0.90 LlO 1.30 1.50 1.70 1.90 2.10 2.30 
Evaluation 0.77 0.83 1.12 1.30 1.51 1.70 1.89 2.11 2.28 
Average Error = 0.022 (mm) 
(2) Inclined Crack Depth 
Crack Depth 0.90 1.10 1.30 1.50 1.70 1.90 2.10 2.30 2.50 2.70 2.90 
Evaluation 0.92 LlO 1.30 1.50 1.69 1.90 2.10 2.30 2.50 2.70 2.89 
Average Error = 0.004 (mm) 
data for the crack depths from 0.7mm to 2.3mm with increments of 0.2mm were 
evaluated. In the case of inclined crack, the waveform data from 0.9mm to 2.9mm 
with increments of 0.2mrn were evaluated. Table 1 shows the results of the 
evaluation. The average error was 0.022mm for the perpendicular crack and 
0.004mm for the inclined crack. When a neural network was used, the average errors 
were 0.038mm and 0.028mm respectively [2,3]. It is clear that the fuzzy reasoning 
method based on principal component analysis interpolates the waveform data stored 
in the knowledge base and evaluates the crack depth with high accuracy. 
Evaluation of Experimental Data 
This method was applied to the evaluation of the experimental data. The 
knowledge base constructed with the numerical analysis data was used to evaluate 
the experimentally measured data. Four experimental data were evaluated for each 
case. The perpendicular crack had 0.67mm, 1.05mm, 1.49mm, and 2. I 9mm of the 
evaluated crack depth, and the inclined crack had 1.19mm, 1.56mm, 2.32mm, and 
2.78mm. In general, there is an inevitable error between the experimental data and 
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Figure 8. Variations of the average errors caused by the change of the shapes of the 
membership functions. 
the numerical analysis data which depends on the modeling in the numerical analysis 
and the variance of the experimental conditions. 
In this study, the variations of the evaluation errors caused by the change of 
the shapes of membership functions were examined. The modulus of membership 
function which indicates the expansion rate of the base length of the membership 
function in the "IF" part was changed as shown in Figure 7. The results of the 
variations of the average errors are shown in Figure 8. The average error of the 
perpendicular crack was minimum when the modulus of the membership function 
was 1.7, and the average error of the inclined crack was minimum when the modulus 
of the membership function was 2.3. These results demonstrate that this method is 
able to absorb the error between the numerical analysis and the experimental results 
by adjusting the shapes of the membership functions. 
Table 2 shows the results of the evaluation when the modulus of membership 
function was adjusted so that the average error was minimum. For the perpendicular 
crack, the average error was 0.075mm, and for the inclined crack, it was 0.084mm. 
When the neural network was used, these errors were 0.078mm and 0.091mm 
respectively [2,3]. The fuzzy reasoning method was also able to evaluate the 
experimental data accurately. 
787 
Table 2. Results of the evaluation for the experimental data. 
( 1) Perpendicular Crack Depth 
Crack Depth 0.67 1.05 1.49 2.19 
Evaluation 0.78 1.12 1.46 2.10 
A verage Error = 0.075 (mm) 
(2) Inclined Crack Depth 
Crack Depth 1.19 1.56 2.32 2.78 
Evaluation 1.11 1.71 2.36 2.84 
A verage Error = 0.084 (mm) 
CONCLUSIONS 
A fuzzy reasoning method based on principal component analysis was 
developed. This method was able to both characterize the waveforms and interpolate 
the data stored in the knowledge base. In addition, this method was able to absorb the 
error between the numerical analysis and the experimental results by adjusting the 
shapes of the membership functions. This method was applied to the crack depth 
evaluation for perpendicular crack and inclined crack. In each case, both the 
numerical analysis data and the experimental data were evaluated with high accuracy. 
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